Abstract: In cranberry production, efficient drainage systems are essential for the development of precision irrigation methods. Most cranberry fields are equipped with subsurface drainage systems used for water table control and excess water removal. Cranberries (Vaccinium macrocarpon Aiton) are highly sensitive to wet soil conditions, and decreases in crop yield are often caused by a malfunction of the drainage system. The main objective of this study was to identify the effect of soil hydrodynamic parameters on subsurface drainage efficiency and cranberry production. During the 2013 and 2014 cropping seasons, real-time measurement devices were installed in 15 fields in the Quebec region, to monitor water table drawdown. Characterization of the soil hydrodynamic properties was done on undisturbed soil cores collected from these 15 fields, and the relationships between drainage efficiency and soil properties were determined. The results of this study highlight the importance of soil hydrodynamic properties on water table drawdown and cranberry yield and showed that nearly 50% of the variance of water table drawdown and crop yield is explained by soil hydrodynamic properties.
Introduction
Soil drainage affects many biophysical processes such as plant growth, root water uptake, gas fluxes, and solute transport in soils. Soil drainage is also an environmental component, which influences irrigation and soil reclamation, land capacity for agriculture, flood control systems, and hydrologic engineering (Cialella et al. 1997; Kilic 2009 ). In cranberry production, wet conditions resulting from inadequate drainage could increase root and fruit rot diseases, inhibition of root development, reduced fruit retention, and reduced productivity (Kennedy et al. 2014) . The previous works have demonstrated the high sensitivity of cranberries to soil matric potential (Bonin 2009 ); the optimum matric potential for cranberry growth ranges between −3.0 kPa (Bonin 2009; Laurent 2014 ) and −7.5 kPa (Pelletier et al. 2013 (Pelletier et al. , 2015a (Pelletier et al. , 2015b . Starting irrigation in cranberry production is recommended when soil water potential is between −7.0 and −8.0 kPa (Pelletier et al. 2013) . Efficient drainage systems are essential in the development of precision irrigation methods for cranberry production.
The overall functioning of a subsurface drainage system may be checked by water table observations, i.e., average water table depth, rate of drawdown or water table fluctuations over time (Eissa et al. 1996; Gallichand et al. 1996; Smedema et al. 1996) , or by measuring temporal variations of drain discharge for laterals or collectors (Dieleman and Trafford 1976; Eissa et al. 1996; Gaaloul 1996; Gallichand et al. 1996) . Remote-sensing data have been used for soil drainage classification. Few models were developed for mapping waterlogging or salinity (Vincent et al. 1996) using LANDSAT-5 Thematic Mapper image (Campling et al. 2002) or LANDSAT-7 Enhanced Thematic Mapper image (Kilic 2009 ). In cranberry production, the comparative analysis of soil water tension in the root zone by tensiometers, water table drawdown data from observation wells, and water pressure by digital sensors was found accurate to diagnose malfunction of drainage systems (Pelletier et al. 2013) .
Most drainage diagnostic methods are based on drain discharge measurement (Dieleman and Trafford 1976) . In cranberry production, the drain outlets are often submerged, and it is therefore difficult to measure the outflow. It would be more relevant to measure soil properties related to drainage efficiency to verify the influence of the vertical variability of the hydrodynamic soil properties on drainage system efficiency and crop yields. The objective of this study was to investigate the effect of soil hydrodynamic properties on water table drawdown that in turn impacts on cranberries optimal growth conditions and the water use efficiency. To ensure efficient drainage, a diagnostic method is therefore required and is investigated in this paper.
Materials and Methods

Experimental sites
During the 2013 and 2014 cropping seasons, real-time automated devices (wireless tensiometers and observation wells equipped with pressure sensors) were installed in 15 fields on two experimental sites: 8 fields at Manseau (site 1) and 7 fields at Lac-St-Jean (site 2), Quebec, Canada (Fig. 1) .
At site 1, the soils are mostly Gleysol (Saint-Samuel series) and Podzol (Saint-Sophie, Saint-Jude series) with some areas being organic soils (Tourbe series). Site 2 is mostly of the organic order (Tourbe serie), Podzol order (Kénogami, L'Afrique, L'Ascension, St-Méthode, Dolbeau, Honfleur series) with some of the Regosol order (Dune and Alluvion series). Both sites were planted with the 'Stevens' cranberry cultivar. For both sites, temperature and precipitation were similar for these two growing seasons, ranging from 10 to 20°C and from 700 to 900 mm, respectively.
Water table drawdown
The subsurface drains were located in each field using a ground penetrating radar (GPR) model SIR 3000 (Geophysical Survey Systems Inc., Salem, NH, USA). Once the drains were located, two transects were defined, 110 m apart from both ends of the fields that are about 450 m long. Each transect was equipped with three observation wells made of 1.5-m long × 7.6-cm diameter PVC pipes perforated with 0.025 cm-wide slots, and fitted with stoppers at both ends. A pressure sensor (Hortau Inc., Lévis, QC, Canada) was installed in each well, and a tensiometer (model HXM-80, Hortau Inc., Lévis, QC, Canada) was positioned in the root zone, i.e., 10 cm below the soil surface, two meters away from each well. Water pressure head and soil matric potential readings were automatically collected in real time by TX3 data loggers (Hortau Inc., Lévis, QC, Canada) and visualized through the Irrolis-Web software (www.hortau.com, Lévis, QC, Canada) at a 15 min time step.
Once instrumented, the fields were submitted to a continuous 6 h sprinkler irrigation, corresponding to 24 mm of applied water. That was considered the initial condition for water table drawdown measurements as it saturated the soil surface. The water table drawdown was then estimated using tensiometer readings (kPa), converted in equivalent water height (cm) in the soil profile, and by measuring the time necessary to lower the water table by 40 cm. According to Pelletier (2012) To assess the relationships between drainage efficiency and soil properties, 200 undisturbed soil cores were collected in the 15 fields and brought back to the laboratory for hydrodynamic soil properties characterization. The number of sampling points for each field varies from 3 to 18 depending on the visual characterization (by digging soil profiles) of the spatial variability and on the grower's information about site construction. For each sampling point, two soil cores (cylinders of 5 cm height × 6 cm internal diameter) were taken at 7.5 cm (su; surface) and 22.5 cm (pr; deep) below the soil surface. The cylinders, with a cutting edge at the bottom, were pushed into the soil by hand to reduce loosening along the edge of the cores and to minimize perturbation. All soil samples underwent a saturated hydraulic conductivity experiment by the constant head method (Reynolds and Elrick 2002) and moisture retention measurements using suction tables (Romano et al. 2002) . Water-saturated soil samples were placed on glass beads suction tables subjected to gravity. A series of static equilibria was established in desorption and capillary rise. At each equilibrium level, the volumetric soil water content θ (cm 3 cm −3 ) and the related matric head h (cm) were determined. These pairs of measured θ and h values represent data points of the soil-water retention curve (Romano et al. 2002) . Crop yields were measured just before grower's harvesting by picking and weighing the total amount of fresh marketable fruits in a sampling square of 30 cm × 30 cm.
Bulk density, porosity, and particle-size analysis Soil samples were oven dried at 105°C for 24-48 h and weighed, and the bulk density was determined. Porosity was calculated assuming a particle density of 2.65 g cm −3 for the mineral fraction (Verdonck et al. 1978) . The particle-size analyses were done with a Mastersizer 2000 particle size analyzer and gave the D10, D50, and D90 which are the grain size (μm) for which 10%, 50%, and 90% of the particles are smaller, respectively (Pazdro and Kozerski 1990). 
Water retention modeling
After obtaining the matric head-water content (h, θ) pairs, we estimated for each sample the parameters of the van Genuchten (VG) water retention model for the drainage and the wetting curves. The VG model is (van Genuchten 1980)
where h is the matric head (cm), θ r is the residual water content (cm 3 cm −3 ), θ s is the water content at saturation
), α is a scale parameter inversely proportional to mean pore diameter (cm −1 ), and n and m are empirical parameters with m = 1 − 1/n.
Water retention curves were obtained by calibrating the model of van Genuchten (1980) using the optim function of the R stats library (R Development Core Team 2008), whereas the BFGS quasi-Newton method (Byrd et al. 1995) was used for the retention curves obtained from suction tables. The goodness of fit was obtained after minimizing the root-mean-square error (RMSE) between fitted and measured retention data obtained with the suction table:
where
is the sum of squared deviation between predicted ð b θ i Þ and observed (θ i ) water contents for N data points. , and D90 are, respectively, 10%, 50%, and 90% of the cumulative particle size distribution; Qs is the water content at saturation; α and n are the van Genuchten model parameters; Ks is the saturated hydraulic conductivity; subscripts "su" and "pr" are for surface and deep sampling depths, respectively. , and D90 are, respectively, 10%, 50%, and 90% of the cumulative particle size distributions; Qs is the water content at saturation; α and n are the van Genuchten model parameters; Ks is the saturated hydraulic conductivity; subscripts "su" and "pr" are for surface and deep sampling depths, respectively. 
Statistical analysis Multiple linear regression and boundary-line approach
We performed a multiple linear regression to find relationships among soil properties, crop yield and water table drawdown. The variables used for this analysis were the soil physical parameters (porosity and particle size), soil hydraulic parameters (saturated hydraulic conductivity, θ r , θ s , α, and n), and crop yield. The linear regression was performed within the R software (R Development Core Team 2008). We then used the boundary-line approach available in R (poly_est function of the npbr library; Daouia et al. 2015) to establish the optimum water table drawdown related to crop yields. The boundary-line approach has been proposed for environmental data in which the field conditions cannot be completely controlled but may have a strong influence on variability (Webb 1972) . The fitting methodology of the boundary-line approach is described in Shatar and McBratney (2004) .
Heatmap and cluster analysis
The heatmap allows representing the individual soil samples in a matrix of all the dataset coded by color. The color represented in each line of the matrix is the normalized Euclidian distance between properties of the soil samples in the parameter space. Soil samples with the same color for a given property are close in the parameter space.
To group the soil samples according to their similarity, we performed an agglomerative hierarchical cluster analysis of the soil properties and soil-water characteristic curve-fitted parameters (Gnatowski et al. 2010) . The cluster analysis consists in grouping a set of objects so that objects in the same cluster are more similar to each other than to those in other clusters. We tried to assess the best number of clusters by grouping the samples based on their vertical position in the soil profile and their water flux characteristics. All available data were used in this test. Each of the soil physical parameters Fig. 3 . Heatmap with the result of Ward's agglomerative hierarchical cluster analysis of scaled physical and hydraulic soil parameters, and parameters of the van Genuchten (VG) model (V dr is the water table drawdown; D10, D50, and D90 are, respectively, 10%, 50%, and 90% of the cumulative particle size distribution; Qr is the residual water content; Qs is the water content at saturation; α and n are the VG model parameters; Ks is the saturated hydraulic conductivity; subscripts "su" and "pr" are for surface and deep sampling depths, respectively; subscript "w" specifies that parameter was estimated in wetting condition). (bulk density, porosity, particle size), soil hydraulic parameters (hydraulic conductivity at saturation, θ r , θ s , α, n), water table drawdown, and crop yield were logarithmically transformed, centered by subtracting the means of the log-transformed parameters, and scaled by division by the standard deviation of the log-transformed parameters (Hallema et al. 2015) .
The next step was to calculate the n × n distance matrix with, for all sample pairs, a measure of dissimilarity defined as
where d(i, j) is the Euclidian distance between the ith and jth samples calculated as the square root of the sum of squared differences between i and j for the value x of soil parameters m through p. Finally, clustering was performed according to the Ward minimum variance method (Ward 1963) . To form clusters, the method minimizes an objective function that, in this case, is the same squared error criterion as that used in multivariate analysis of variance (Legendre and Legendre 2003) . This error is calculated as
where n k soil samples are assigned to the kth cluster, and x mðkÞ is the mean of m in the kth cluster. The cluster analysis started with a total of n clusters equal to the number of samples. The clustering algorithm formed n − 1 clusters that were most similar in terms of the soil physical and hydraulic parameters and crop yield. At each progressive iteration, clusters were merged based on a minimum increase in E k . Slicing the resulting dendrogram at k c clusters allowed us to determine the median values of the soil parameters per cluster and subsequently define characteristic water retention curves for the soil samples (Hallema et al. 2015) .
Results and Discussion
Basic statistics and boundary-line approach Tables 1 and 2 summarize the multilinear model results for both water table drawdown and crop yield as affected by soil properties. In Table 1 , as expected, the water table drawdown is negatively related to soil water content at saturation from both surface (Qs su ) and deep (Qs pr ) sample positions. Also, the VG-n parameter from the deep position (n pr ) has a strong negative influence on the water table drawdown. The R-square value (R 2 = 0.45) is low as should be expected from multiple regressions between water table drawdown from soil properties. However, those values come from real fields, Note: V dr is the water table drawdown; D10, D50, and D90 are, respectively, 10%, 50%, and 90% of the cumulative particle size distributions; Qr is the residual water content; Qs is the water content at saturation; α and n are the van Genuchten model parameters; Ks is the saturated hydraulic conductivity; subscripts "su" and "pr" are for surface and deep sampling depths, respectively; subscript "w" specifies that parameter was estimated in wetting condition.
i.e., without controlled conditions, and highlight that even in natural conditions, drainage drawdown variance could be explained by soil parameters in nearly 45% of the cases. The other 55% could be related to problems in the drainage system design and performance. Table 2 shows that crop yield is negatively related to the coarse particle size (D90 su ) and positively to the saturated hydraulic conductivity (Ks su ) near the surface of the soil. Also, crop yield is positively related to the soil hydraulic parameters, namely soil moisture at saturation (Qs pr ), and parameters VG-n (n pr ) and VG-α (α pr ) at the deep position in the root zone, indicating that drainage has a strong impact on cranberry yield. In fact, 56% of crop yield (Table 2 ) may be explained by the measured soil properties. Although the goal was not to establish a model for crop yield prediction based on soil properties, one could say that in half of the cases, crop yield variance is due to physical and hydraulic soil parameters. The unexplained variance may be related to other variables such as fertilization, irrigation, management, crop diseases, cultivar purity, and drainage system performance. Figure 2 presents the relationship between the crop yield and the water table drawdown. The boundary line suggests that maximum crop yield is reached when water table drawdown is around an optimum of 1.25 cm h −1 . Crop yield is depressed when the water table drawdown deviates from that optimum. It is noteworthy that the cranberry fields presented in this study were not submitted to controlled drainage (Pelletier et al. 2015a (Pelletier et al. , 2015b . In the case of controlled drainage, the faster the water table returns to the optimal level, the faster the plants will return to optimal conditions and consequently improving crop yields.
Cluster analysis and heatmap
The agglomerative cluster and heatmap analysis were performed on the log-transformed-scaled physical V dr is the water table drawdown; D10,  D50 , and D90 are, respectively, 10%, 50%, and 90% of the cumulative particle size distributions; Qs is the water content at saturation; Ks is the saturated hydraulic conductivity; subscripts "su" and "pr" are for surface and deep sampling depths, respectively). parameters for 100 soil samples for each of the two sampling positions (surface and deep). The resulting heatmap and dendrograms are plotted in Fig. 3 . Soil sample positions are plotted along the y-axis and soil physical properties along the x-axis. The heatmap shows the normalized Euclidian distance, in a color-scaled matrix, between soil properties and soil samples. Samples with the same color for a soil parameter are close in the Euclidian parameter space. The horizontal dendrogram (along y-axis) classifies the soil samples with respect to their scaled soil properties; the colors define the four different groups separated at the maximum Euclidean distance (20.3) calculated by the heatmap3 function in R-core. Based on this classification, four groups may be identified within the hundred soil samples as shown on the y-axis dendrogram (Fig. 3) . The median and average values for each soil sample group are presented in Table 3 . All groups are balanced with nearly the same sample number, except for group 4 that contains only four soil samples. Group 4 represents the minimum water table drawdown (V dr ) and the maximum crop yield, respectively, 0.14 cm h −1 and 5.6 kg m −2
. These four samples of group 4 are not outliers, but rather give some information about truly different soil samples that could belong to the organic soils order. Group 2 represents the fastest drainage drawdown and the minimum crop yield (1.22 cm h −1 and 1.42 kg m −2 , respectively). Again, it is important to remember that cranberry fields selected for this study were not under controlled drainage. Optimizing drainage to control water table drawdown would normally improve crop yields (Gumiere et al. 2014; Pelletier et al. 2015a Pelletier et al. , 2015b . Figure 4 presents the variation box plot of each classified cluster. Median values are quite different from each group for almost all attributes indicating a strong variability in soil properties. Cranberry fields are characterized by intensive construction operations in which a 20-cm-thick sand layer is applied to homogenize soil properties. However, even in such manmade fields, soil spatial variability exists and needs to be considered for defining better water and crop management practices. By measuring few physical properties over a field, one may for instance divide his field into two irrigation zones. Figure 5 shows the fitted characteristic moisture curves (Figs. 5a, 5b ) and the hydraulic conductivity functions (Figs. 5c, 5d ) for the four classified groups for both surface (Figs. 5a, 5c ) and deep (Figs. 5b, 5d ) sampling depths. The VG model is widely used and known to be adequate for sandy soils, and the n fitting parameter is informative about the hydraulic behavior of the medium, i.e., a pore size distribution index. Group 1 presents the smoothest moisture curve indicating a well-graded soil. Group 4 presents a more abrupt curve indicating a poorly graded soil with a narrow pore size distribution. As presented in Tables 1 and 2 , the "n pr " variable was found significant in explaining both crop yield and water table drawdown. The VG-n parameter is a key parameter in understanding the hydraulic function of these cranberry soils and should be considered in exploring modeling drainage scenarios to optimize crop yield.
Conclusions
To assess the relationships among water table drawdown, crop yield, and soil properties, 200 undisturbed soil cores were collected over 15 fields and analyzed in the laboratory for hydrodynamic soil properties. Multiple regression analyses showed that water table drawdown and crop yield are strongly correlated to soil physical parameters, namely the saturated water content, and the parameters n and α of the VG equation. These parameters are known to influence soil-water drainage capacity. The water table drawdown rate of 1.25 cm h −1 corresponded to the maximum crop yield;
this is valid, however, only for noncontrolled drainage conditions. The cluster analysis indicated the existence of four distinct soil groups with different soil properties and associated water table drawdown and crop yield. The groups are balanced and present almost the same number of soil samples, except for group 4 that presents very slow drainage soils. The VG parameters for each group were presented for desorption curves showing that the n parameter, representing pore size distribution, is of significant importance to understand water table drawdown. These parameters could be a starting point for soil-water dynamic simulations and water management scenarios testing.
